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Airlines operate their fleet of aircraft over a relatively long time horizon during which the realized
stochastic demand has the potential to profoundly impact the airlines’ financial performance. This makes
the investment in a fleet of aircraft a highly capital-intensive long-term commitment, associated with
inherent risks. We propose an innovative three-step airline fleet planning methodology with the primary
objective of identifying fleets that are robust to stochastic demand realizations. The methodology presents
two main innovation aspects. The first one is the use of the mean reverting Ornstein-Uhlenbeck process
to model the long-term travel demand, which is then combined with discrete-time Markov chain tran-
sitions to generate demand scenarios. The second innovative aspect is the adoption of a portfolio-based
fleet planning perspective that allows for an explicit comparison of different fleets, in size and composi-
tion. Ultimately, the methodology yields for each fleet in the portfolio a distribution of net present values
of operating profit across the planning horizon and a list of key financial and operational metrics per
year. The robustest fleet can be selected based on the operating profit generating capability across dif-
ferent realizations of stochastic demand. An illustrative case study is presented as a proof of concept.
The case study is used to demonstrate the type of results obtained and to discuss the usefulness of the
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methodology proposed.
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1. Introduction
1.1. Airlines’ poor financial performance

Airlines have low profit margins and consequently are among
the poorest performers when it comes to providing return on in-
vested capital (ROIC). For example, between 2004 and 2011, North
American airlines annually returned 4.1% to their investors, which
is lower than the average weighted cost of capital (WACC) of 7.4%
[1].

There are a plethora of reasons underlying this poor profitabil-
ity, which can be partially explained via Porter’s five forces model
[2]: the bargaining power of suppliers (i.e. aircraft and engine
manufacturers, labor unions); bargaining power of buyers (i.e. pas-
sengers); relatively easy market entrance conditions; regulation;
fierce price competition due to the commoditization of air trans-
portation; a fragmented industry structure; and problems with the
air transport value chain [1].

Two other factors can be added to these five. The first is the
volatile nature of airlines operating profitability. The cyclical de-
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mand and the inconstant fuel prices can significantly impact the
evolution of year-to-year operating profits and could contribute to
a critical financial state of the airline or even bankruptcy [3]. The
second factor to add is the fact that airline orders for new aircraft
tend to be synchronized with years of high profit. Due to the lead
time between the order and delivery of aircraft, these aircraft are
often delivered in periods of downturn of the business cycle which
causes overcapacity [4-6].

The combination of all these factors results in a persistently low
profit margin, an inability to meet return requirements (i.e. ROIC
lower than WACC), and a high risk of bankruptcy due to year-to-
year volatility in demand and fuel prices.

1.2. The airline fleet planning problem

Fleet planning is the most strategic long-term consideration in
airline planning and can profoundly impact the financial perfor-
mance and operational flexibility of an airline. The fleet planning
problem involves the management of the fleet size and compo-
sition over time by deciding on matters such as: how many air-
craft to acquire, which aircraft types to acquire, when to acquire
them, when to dispose them and decisions regarding leasing or
buying. These decisions are commonly addressed separately or se-
quentially, to produce a fleet planning plan [7]. Often, the fleet
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Nomenclature

B Set of scenarios generated

D Set of Monte Carlo simulations
F Set of fleets in portfolio

H Set of hub airports

K Set of aircraft types

M Set of OD demand matrices per year
N Set of airports

S Set of sample values

Y Set of years in planning horizon
Z Set of OD pairs

planning decisions are closely tied to decisions on network de-
velopment [8,9], which deals with the question on which markets
(i.e. origin-destination pairs) to serve and which routing network
to employ (e.g. hub-and-spoke or point-to-point). Investing in an
aircraft fleet is a highly capital-intensive long-term commitment
which bears inherent risk because the fleet is deployed across a
long-term planning horizon over which uncertainty will material-
ize, both on the revenue side (e.g. stochastic demand) as well as
on the cost side (e.g. fuel price volatility). Consequently there is a
need for airlines to have a robust fleet that is resilient and flexible
to this uncertainty in terms of profit generating capability.
Numerous measures can be taken to achieve robustness to un-
certainty; revenue management and pricing models can be used
to favorably influence demand patterns; hedge contracts can re-
duce the exposure to fuel price volatility; and there is an increas-
ing trend towards aircraft leasing because of the flexibility bene-
fits and reduced up-front investment cost. Leasing comes at an op-
erational cost for the airline however, due to a compensation for
the incurred risk that is transferred to the leasing company. This
cost of purchasing flexibility from another entity could potentially
be avoided by focusing on robustness during the fleet investment
process by having the robustness built into the fleet composition
itself. This research presents an innovative methodology that aims
to identify fleets that are robust to stochastic demand realizations.

1.3. Literature review

1.3.1. Buying versus leasing

A major consideration in fleet planning is whether to buy or
lease the aircraft in the fleet. In [10], the authors address this as-
pect of the fleet composition problem by focusing on the optimal
lease/own mix for airlines that experience cyclical and stochastic
demand. Specifically, they propose a formulation for the cost trade-
off between owning an aircraft, which yields reduced capital cost
and increased expected cost of overcapacity, as opposed to leasing
an aircraft. Through a case study on 23 airlines in the period 1986-
1993, they show that the optimal portion of leased aircraft with re-
spect to all the aircraft in the fleet lies between 40% and 60%. The
authors concluded by noting that aircraft lease contracts act as a
means for risk sharing between airlines, which have reduced risk
through increased flexibility in capacity management, and leasing
companies that require a risk premium for their incurred risk.

In a more recent work [11], the authors approach the fleet plan-
ning problem from the same perspective and proposes a binary-
integer linear programming model for aircraft replacement strat-
egy. The objective function minimizes the total discounted cost of
buying, leasing, operating and maintaining aircraft over a planning
horizon of 10 years. Moreover, it includes two other cost terms.
One that represents additional costs associated with owning air-
craft, such as spare parts, hangars and crew training; An another
term that accounts for the sale of aircraft. Five observations are

made from the results, that apply to both of the case studies that
were performed: new aircraft are favored over old aircraft irrespec-
tive of buying/leasing decisions; solutions with short-term leases
are favored; old aircraft are to be sold; fleet diversity is discour-
aged; and leasing is preferred over buying. The latter observation is
consistent with [10,12]. Although a method is proposed that incor-
porates a considerable number of terms in the objective function
and constraints, the contribution fails to account for uncertainty
in demand. Rather a sensitivity analysis is performed on lease and
buy prices (i.e. plus or minus 50%). When analyzing the magni-
tude of these different cost terms it is observed that operation and
maintenance cost are the major cost drivers when evaluated over
the long term. The results of a case study indicate a strategy to-
wards leasing new aircraft of common aircraft types over the short
term and moreover shows that aircraft with a higher purchase
price and a higher operating efficiency are preferred over aircraft
that are less expensive to acquire but more costly to operate.

1.3.2. Dynamic capacity allocation

In an effort to account for stochastic demand in the fleet com-
position problem, the authors of Listes and Dekker [13] propose
a two-stage stochastic programming model for fleet composition
optimization where robustness is added to the fleet planning deci-
sion by including stochastic demand and using the concept of de-
mand driven dispatch, as introduced in [14]. The latter concept ac-
knowledges the existence of uncertainty in future demands when
decisions about fleet compositions or initial fleet assignments are
made, and tries to accommodate that uncertainty by having fleets
that consist of aircraft of different sizes but within the same crew-
compatible family so that they can be swapped when more infor-
mation about the actual demand becomes available close to the
day of operation. Moreover, it is noted that when the stochastic
model is solved with integrality constraints the optimality gap is
smaller than 0.5%, which is comparable to the order of magnitude
of the optimality gaps that result from linear relaxation in deter-
ministic models. Although Listes and Dekker [13] makes a great
step forward when it comes to considering stochastic demand in
the fleet planning decision, the approach is limited due to a sole
focus on short cycle variations in stochastic demand that are to
be solved using re-assignment. The approach fails to account for
the longer term uncertainty in demand that is characteristic to
fleet planning. A scenario aggregation solution algorithm is used
to solve the fleet composition problem in the first stage. The as-
sumption is made that demand is independent and follows a nor-
mal distribution, which is discretized into a set of scenarios using
descriptive sampling.

1.3.3. Multi-period fleet planning

Initial studies on the multi-period fleet planning problem date
from the ’'80s [15]. These initial models were deterministic and
simplified representations of the problem, producing less efficient
results. The current trend is to consider demand uncertainty when
planning the fleet for multiple years. For instance, in [12] the au-
thors propose an optimal replacement schedule for airline fleets
using a stochastic dynamic programming model which is solved
using backward computing. A grey topological forecasting method
combined with Markov-chain is used to model the stochastic de-
mand on a market level. Subsequently, a frequency dependent mar-
ket share estimation is used to calculate demand at the airline
level. From the results it is observed that high volatility in demand
drives fleet planning decisions to favor leasing over buying. The
objective function minimizes three cost terms per period over a
multi-period planning horizon. These cost terms are operating cost,
aircraft replacement cost and a penalty cost which arises from the
potential difference between forecasted and actually realized de-
mand. Operating cost are assumed to be dependent on aircraft sta-



CA.A. Sa, BE Santos and J.B. Clarke/Omega 97 (2020) 102101 3

tus, which is defined as: aircraft age, type and mileage travelled.
A sensitivity analysis is performed on the aircraft age and average
lease cost. Although a profound step forward is made using the so-
phisticated demand forecasting method that accounts for the cycli-
cal demand, the authors of Hsu et al. [12] note that this method
still lacks the influence of non-cyclical (i.e. random) variations in
demand as result of, for instance, terrorist attacks and aircraft ac-
cidents.

One drawback of earlier attempts in literature to include the
non-cyclical nature of stochastic demand was noticed by Khoo and
Teoh [16]. This is referred to as "the possibility of unexpected events
that could take place unexpectedly”. In order to capture this, the
authors propose the formulation a stochastic demand index (SDI).
The SDI is developed in multiple steps by identifying a range of
possible unexpected events such as disease outbreaks and natu-
ral disasters, as well as the probability distributions of these situ-
ations based on their historical occurrence. Then the occurrence of
all these uncertain events is modeled using a Monte Carlo simu-
lation, combined with a traditional demand forecast that does not
account for uncertain events, in order to arrive at a single SDI for
each operating period. The SDI is then used as an input to a fleet
management optimization model.

More recently, Du et al. [17] proposed a multi-period sched-
ule for a set of heterogeneous airport towing tractors, under de-
mand uncertainty, flight schedule disruptions and different cost
structures. The model optimizes fleet size and mix by determining
the time of buying, overhauling and selling tractors. The authors
propose a 4-step approach for demand aggregation and demon-
strating the application of the model in a case study with a ma-
jor European airport. In [18], a scenario tree approach to solve the
multi-period airline fleet planning problem. The authors consid-
ered that the nodes of the tree represent the decisions points in
different stages of the planning horizon and the branches repre-
sent the scenario paths with demand variations. A mixed-integer
linear programming model is proposed to determine the optimal
fleets. Given that some scenario paths share common nodes of the
tree, the scenarios are modeled as interdependent and solved to-
gether. The probabilities associated with each scenario are used to
compute fleet probability tables for each time stage in the scenario
tree. The authors only consider cyclical and pre-defined demand
variation cases. In a very recent paper, Wang et al. [19] addressed
the multi-period fleet planning problem for the chartering problem
in the shipping industry. The authors model the problem as a tac-
tical fleet composition problem taking into account market uncer-
tainties. A two-stage stochastic programming model is proposed,
in which the planning period is divided in two periods to capture
different confidences levels in the estimation of the market condi-
tions (i.e., demand, fuel prices and spot rates).

1.4. Research objective

The motivation behind this fleet planning research work stems
from three observations.

- First, in the long-term, air transportation demand is resilient to
external shocks (Fig. 1). That is, the demand evolution is com-
posed by cyclical and non-cyclical variations, however, in the
long-term, it readjusts from non-cyclical variations and gravi-
tates around a long-term trend.

- Second, in practice fleet planners make their decisions based
on a set of different alternatives, which are explicitly compared.
The fleet optimization models present in the literature usually
focus on obtaining a single optimal fleet and do not capture all
elements that influence the fleet planning process in practice.

- Finally, optimization models and models that explore the evo-
lution of stochastic variables tend to be computationally de-

manding (as highlighted by, e.g., [16,18]). These properties make
it challenging to combine these methodologies into one fleet
planning modeling framework that provides meaningful results.

Following these observations, the goal of this research work
is to develop an innovative fleet planning model that realistically
considers the long-term stochastic nature of air travel demand and
generates meaningful results.

Results are considered meaningful if they allow for the explicit
comparison of both financial and operational performance metrics
of different fleets, across the planning horizon for numerous real-
izations of stochastic demand. To achieve this objective the pro-
posed methodology adopts a portfolio of fleets (each of different
size or composition) and uses an optimization model that simul-
taneously considers network development and frequency planning.
This allows for the explicit comparison of the profit generating ca-
pability of each fleet from the portfolio across a long-term plan-
ning horizon across numerous realizations of stochastic demand.

1.5. Contribution

The contribution of this paper is two-fold:

- A long-term (multi-year) consideration of stochastic demand
per origin-destination pair is presented by modeling demand
as a mean reverting Ornstein-Uhlenbeck process and using
discrete-time Markov chain transition probability matrices to
generate scenarios.

- The adoption of portfolio-based fleet planning perspective al-
lows for explicit comparison of different fleets in terms of size
and composition on both financial and operational performance
metrics. Robust fleets can be selected based on their operat-
ing profit generating capability across different realizations of
stochastic demand across the long-term planning horizon.

1.6. Outline

The remainder of the paper is outlined as follows. The method-
ology, which consists of a three-step modeling framework that
deals with simulation, optimization and scenario generation, is
presented in Section 2. Each of the three models is elaborated
in detail. The case study definition and results are presented in
Section 3. The conclusions from this work are drawn in Section 4.

2. Methodology
2.1. The overarching modeling framework

A three-step modeling framework is proposed and visualized in
Fig. 2.

The modeling framework takes two inputs: the historical pas-
senger demand of each origin-destination pair (OD pair) under
consideration, and a portfolio of fleets where each fleet has a given
size (i.e. total number of aircraft in the fleet) and composition (i.e.
mix of aircraft types). Model 1 is used to identify the historical
stochastic characteristics of each of the Z OD pairs under consid-
eration and outputs a set of M OD demand matrices per year that
represent the range of uncertainty within a year, for each of the Y
years in the planning horizon. Model 2 takes one OD demand ma-
trix as input as well as one fleet from the portfolio and returns the
resulting annual operating profits by deploying the fleet based on
the given demand in an optimal fashion. This optimization process
is iterated for each combination of fleet from the portfolio (F) and
each OD demand matrix within a year (M) and across years (Y).
Consequently, a value matrix with size F-M.Y is filled with an-
nual operating profits per fleet, per OD demand matrix within the
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Fig. 2. The proposed solution methodology consists of three underlying models.

year (M), per year in the planning horizon (Y). As a third and fi-
nal step, Model 3 generates paths (i.e. scenarios) through the value
matrix across the planning horizon based on the underlying tran-
sition probability of demand sample values. The sequence of Y an-
nual operating profits within each scenario is reduced to a sin-
gle net present value (NPV). By iterating the scenario generation
process numerous (B) times, a distribution of NPVs is obtained for
each fleet in the portfolio. All three models are detailed in the next
three sections.

2.2. Model 1: simulation of stochastic demand

In order to explore the evolution of stochastic demand into the
future, the historical characteristics of the stochastic nature of de-
mand need to be captured in a mathematical expression. In this

research, the mean reverting Ornstein-Uhlenbeck process [20,21] is
used to model the stochastic nature of air travel demand.

The mean reverting process has been successfully applied to
model variables that tend to be cyclical. Prime examples include
the modeling of stock, commodity and option prices [22,23]. Ul-
timately these variables tend to correlate to the cyclical behav-
ior of gross domestic product (GDP). Another example is provided
in [24], in which a Ornstein-Uhlenbeck process was proposed to
model the retail demand uncertainty in a two-stage supply chain
inventory planning problem. The authors assume that the demand
process is driven by the market, but cyclically dominated by sea-
sonal variations. In this research the mean reversion concept is ap-
plied to model the stochastic nature of air travel demand. Although
modeling future stock prices or retail demand are a different activ-
ity than modeling future air travel demand, the underlying causes
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Fig. 3. Example of a Monte Carlo simulation of the mean reverting process, after 10 runs.

for the variation in these variables share a common dependence
on GDP variations or seasonality effects.

2.2.1. Mathematical formulation
The mean reverting process is represented by the following
equation;

XH,]ZXt‘f')\,(M—X[)-‘rO'dVVt (1)

where X, is the to be forecasted future air travel demand growth
rate between time t and t =t+ 1, X; is the air travel demand
growth rate between time t—1 and t, A is the speed of mean
reversion, p is the long-term mean growth rate, o is the stan-
dard deviation of the historical estimation error and W; is a ran-
dom shock with N~(0,1). As can be seen from the A(© —X;) term,
the expected corrective movement towards the long-term average
growth rate at each point in time depends on the speed of mean
reversion A and the difference between the demand growth rate at
time t, X;, and the long-term average demand growth rate, w.

In physical terms, the process displays similar behavior to a
spring; the more a spring is stretched with respect to its equilib-
rium length, the higher the force with which the spring pushes
back - i.e., the larger the difference between a passenger growth
rate at a certain point in time and the average passenger growth
rate, the higher the tendency to revert back to the mean passenger
growth rate in the subsequent point in time.

Furthermore the randomness of future demand growth rates is
captured in the last term of the equation, o dW;, which resembles a
random error shock with mean 0 and standard deviation equal to
the standard deviation of the historical estimation error which is
inherited from the estimation of the model parameters. The mean
reverting model parameters A, 4 and o are fixed over the time
and are estimated by rewriting the mean reversion equation into a
form that is suitable for linear least squares regression.

The concept of mean reversion is applied to forecast future de-
mand growth rates. However, ultimately the goal is to forecast fu-
ture demand levels, which are calculated using;

Demgq = Demy - (14 Xi11) (2)

where Dem,,; is the demand value at time t + 1, Dem, is the de-
mand value at time t and X, is the growth rate of demand be-
tween t and ¢ + 1.

2.2.2. Sampling strategy

Based on the mean reverting process, D Monte Carlo simula-
tion runs are performed for each year in the planning horizon for
each OD pair under consideration (see Fig. 3 for an example with

D =10). These D observations of realized stochastic demand are
then sampled into a set of S sample values representative of the
underlying probability distribution. This is done by grouping the
D Monte Carlo simulation observations across S bins with each an
equal number of observations. That is, the bins are defined such
that each bin represents 1/10th of the D dataset, equal probability
bin histograms with 10 bins are adopted which set the bin edges
at the 0, 10th, 20th, .., 100th percentiles. The average of all % ob-
servations within each bin is then taken as a sample value.

The method yields S demand sample values per year per OD
pair. However, ultimately this data should be stored in a set of S
0D demand matrices per year, where each OD demand matrix con-
tains demand sample values of all OD pairs while ensuring that
each of those sample values corresponds to the same part of the
distribution. This simplification greatly reduces the number of OD
demand matrices per year (M) from M = SZ to M =S, thereby re-
ducing the computation times from impracticable large (i.e., sev-
eral years) to reasonable (i.e., several minutes or few hours). In the
present work is also assumed that the demand growth for each
OD pair is independent. However, correlated random shocks (W;)
could be easily incorporated in the current model by, e.g., adopt-
ing the Cholesky factorization method when generating these ran-
dom values [25]. A variance-covariance matrix would have to be
precomputed to express the correlation between OD pairs.

2.3. Model 2: fleet assignment optimization

The goal of the optimization model is to optimally allocate
a fleet in terms of operating profit given one OD demand ma-
trix. This is achieved by mathematically formulating the optimiza-
tion problem as an Integer Linear Programming (ILP) optimiza-
tion model that optimizes fleet assignment per aircraft type on a
weekly flight frequency basis. The mathematical formulation con-
sists of a profit maximizing objective function and a set of demand,
capacity, physical and integrality constraints. The formulation is
such that it allows for both point-to-point and hub-and-spoke net-
work routing networks. Nevertheless, only two-leg itineraries are
considered for the hub-and-spoke case (i.e., origin node to hub and
hub to destination node).

In order to optimize for profit on an airline level, the weekly
flight frequency per airport pair per aircraft type as well as the
weekly passenger flow per OD pair (i.e. both nonstop and connect-
ing flow) are determined. Therefore, three sets of decision variables
are defined. The first referring to the weekly flight frequency per
aircraft type per airport pair; the second representing the weekly



6 CA.A. Sa, BE Santos and J.B. Clarke/Omega 97 (2020) 102101

passenger flow per OD pair for nonstop connections; and the third
representing the weekly passenger flow per OD pair for passenger
connecting in any of the hubs of the airline.

A number of inputs are used for this optimization process: a
given OD demand matrix that contains weekly demand values for
each OD pair, a given fleet which is characterized by the num-
ber of aircraft per aircraft type K, the specific aircraft character-
istics of each aircraft type (seats, cruise speed, range, daily utiliza-
tion, turnaround times, fixed cost, variable cost), yields and dis-
tances between airports. The optimization model returns weekly
operating profit which is then multiplied by 52 to arrive at an esti-
mated annual operating profit. That is, it is assumed that this aver-
age week is representative of the demand throughout the year and
thereby neglects seasonality as well as trend growth throughout
the year. Besides financial results, operational performance metrics
such as the average network load factor and aircraft utilization can
also be derived.

2.3.1. Nomenclature

Sets

N Set of airports

K Set of aircraft types

H Set of hub airports (H c N)
Parameters

Qo demand between airports o and d
Dyq distance between airports o and d

yield, ; yield per route for nonstop connections
yieldg 4 Yyield per route for connections through hub h

ACk number of aircraft of aircraft type k in the fleet

Uk aircraft maximum utilization per week for aircraft type k
CFIX aircraft ownership cost per aircraft type k

ck, aircraft operating cost per aircraft type k (i.e. CASM)

sk number of seats per aircraft type k

vck cruise speed per aircraft type k

Tide" taxi time per departure

Tj‘"r taxi time per arrival airport

range* range per aircraft type k

Decision variables

Xo.d Nonstop passenger flow between origin airport o and

destination airport d

Connecting passenger flow for passengers from origin air-

port i and destination airport d via the hub airport h

z" i Number of flights (i.e. flight frequency) between airport i
and airport j operated by aircraft type k

h
Wod

2.3.2. Objective function formulation

The objective function aims to maximize operating profit and
consists of four terms; operating revenue stemming from nonstop
passenger flow, operating revenue stemming from connecting pas-
senger flow, ownership cost and operating cost. The mathematical
formulation is given by;

Maximize profit = " [yield,q - Dog - Xo4]

0eN deN
TN [veldly Doy ]
0eN deN heH
- Sl
keK
- ZZZ[CEM i st ]] (3)

ieN jeN keK

2.3.3. Constraints formulation

Xoa+ Y W, <Q VodeNo#d (4)
heH
Xij+ Y wh <>z sk VieN\H jeHi#j (5a)
meN keK
Xij+ Y Whi<> zfs* VY jeN\HieHi#j (5b)
meN keK
xij< Y25 Vi jeN\Hi#j (5¢)
keK
Zz’]{izzzfj VieNkekK (6)
jeN jeN
ZZZ [ +Tdep+Tarr+TATk:| <Ack Uk
ieN jeN
Vk e K (7)
Z* =0 Vi, jeNi#jkeKif range* <D
(8)
Xod €Z*, Why ezt Z¥ ezt 9

The first set of constraints in the optimization model ensures
that the assigned passenger flows cannot exceed the demand
(Eq. (4)).

Eqgs. (5a) —=(5¢) ensure that the passenger flow in a certain flight
segment between airport i and airport j must be smaller than or
equal to the capacity offered between airports i and j. The capacity
in a flight segment is the total number of seats offered between
the two airports, computed by multiplying the number of flights
per aircraft type between these airports z by the number of seats

per aircraft type s¥. Focusing on a flight segment between two air-
ports i and j, both of these airports can be either a regular airport
or act as a hub. Therefore, the passenger flow between the two
airports can be composed by only nonstop passengers (5c) or by a
mix of nonstop and connecting passengers ((5a), (5b)).

The aircraft continuity at the airports is guaranteed by con-
straints 6. These constraints ensure that the total number of in-
bound flights per aircraft type k that arrive at airport i from all
airports j must be equal to the total number of outbound flights
per aircraft type k that depart from airport i to all airports j.

Eq. (7) ensures per aircraft type that the total weekly opera-
tional time does not exceed the weekly aircraft utilization. The air-
craft utilization per aircraft type should not be based on a 24 h per
day availability. It should rather reflect the average available hours
to operation per week when considering the need for scheduled
and unscheduled maintenance. The total weekly operational time
is a function of the number of flights of each aircraft type between
each airport pair, the flight time, the taxi time and turnaround
time. The flight time is a function of the distance between two
airports D;; and the cruise speed of the aircraft type vck. The taxi
times are airport dependent and depend on whether the flight is
inbound or outbound. The turnaround times range from 30 min to
one hour and are based on the assumption that larger aircraft have
higher turnaround times.

Each aircraft type is characterized by its maximum range.
Eq. (8) ensures that a flight between two particular airports i and j
can only be operated by a particular aircraft type k if the range of
the respective aircraft type is equal to or larger than the distance
between two airports.
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Finally, Eq. (9) defines the domain for the decision variables in-
cluded in the model.

2.3.4. The size of the LP matrix

The LP-matrix contains the decision variables (i.e. columns) and
constraints (i.e. rows) of the problem. It is considered interesting to
know how the size of the LP-matrix of the optimization problem
scales with increasing problem size. The problem size is defined
by the number of airports, hubs and aircraft types under consider-
ation. This explicit relationship between the problem size and LP-
matrix is given by;

Decision variables = N?> + N2H — 2N 4+ N?K — NK (10)

Constraints = 2(N?> — N) + NK + K + D; (11)

with N the number of airports, H the number of hubs, K the num-
ber of aircraft types and D is the number of aircraft range con-
straints, which is specific to the characteristics of the aircraft types
and the distances between the airports under consideration.

2.3.5. Iterating over the optimization model

The optimization process is solved for each fleet-OD demand
matrix combination. Consequently, the optimization model is run
F-M-Y times which results in an equal amount of annual operating
profits that are stored in a value matrix. The Gurobi Optimizer is
used to find the optimal solution for each problem solved.

2.3.6. Model output

Each optimization model run returns the optimal decision vari-
able values (i.e., weekly OD passenger flow and weekly airport-to-
airport aircraft flow per aircraft type) and the optimal objective
function value (i.e., weekly operating profit). These optimal values
can be used to derive a range of financial and operational perfor-
mance metrics.

Moreover, the annual operating profits returned by each opti-
mization run are stored in a so-called value matrix (Fig. 4), which
contains annual operating profit for each fleet F in the portfolio for
each of the M OD demand matrices within the year, for each of the
Y years in the planning horizon.

Both the vast amount of financial and operational performance
metrics as well as the value matrix with annual operating profit
data provide valuable information that can be used to compare
fleets. However, one more step in the methodology allows for an
even more profound analysis of the impact of the evolution of
stochastic demand on the robustness of operating profit generat-
ing capability of the different fleets in the portfolio: the scenario
generation model.

2.4. Model 3: scenario generation

The goal of the scenario generation model is to generate numer-
ous paths through the value matrix across the planning horizon by
using the underlying stochastic nature of demand.

A single path across the planning horizon is basically a se-
quence of elements in the value matrix. This sequence of annual
operating profits is driven by the underlying sequence of OD de-
mand matrices.

Each OD demand matrix contains demand sample values of all
OD pairs, which are drawn from the same part (i.e. the same bin
number) of their distribution of Monte Carlo simulation observa-
tions. Therefore, a sequence of year-to-year annual operating profit
values essentially is driven by the year-to-year transition behav-
ior of individual Monte Carlo simulation observations from one
bin number to another. Please refer to Lohndorf [26] for a recent
discussion on scenario generation methods and on the error that
arises from using a small set of scenarios.

— | annual operating profit resulting from 1 fleet
assignment optimization model run, based
on 1 OD demand matrix and one 1 fleet
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Fig. 4. An example value matrix encompassing 8 fleets (F = 8) in the portfolio,
9 planning years (Y = 2015, ...,2023) and 10 OD demand matrices per year (M =
10),resulting in FYM = 8910 = 720 profit values.

2.4.1. Discrete-time Markov chain

A discrete-time Markov Chain (DTMC) is used to describe the
stochastic process of the transition behavior of Monte Carlo simu-
lation observations from one bin number in year t to another bin
number in year t + 1. The Markov property describes the memory-
lessness of the stochastic process: the probability of arriving in a
future state only depends on the present state. A transition prob-
ability matrix contains the transition probabilities of transitioning
from state i at time ¢ to state j at time t + 1. Based on the Markov
property the transition probability should be a square matrix (i.e.
the number of states must remain constant over time) and each
row should add up to one (i.e. the total probability of arriving in
any of the states must be 1).

Translated to the context of this research, a DTMC can be used
to model the stochastic process of the evolution of Monte Carlo
simulation observations that are outputted by the stochastic de-
mand forecasting model. D Monte Carlo simulation observations
per year per OD pair are equally distributed across S bins. These
S bins are the discrete states in this research context. Subsequently
the transition probability matrix has size S xS.

2.4.2. OD demand matrix based transition probability matrices

Fig. 5 serves as an illustration of the transition process when
considering 5000 Monte Carlo simulation observations (D = 5000)
and 4 bins (S = 4). An observation can transition from any of the 4
states at time t to any of the 4 states at time t + 1 resulting in S2
possible transitions. Because each bin contains the same number
of observations (%), each row of observed transitions (i.e. counts)
is converted to probabilities by multiplying each element in the
row with:

(12)

ST

In a similar fashion, such a transition probability matrix can be
constructed for each consecutive year combination (Y — 1) in the Y
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— T
1 2 3 4
Year t+1 Year t+1
Year t < 2 2 Z = E 2 Z
Qo el Q e} el el Qo Qo
bin 1 700 300 150 100 bin 1 0.56 0.24 0.12 0.08
— —
= bin 2 200 800 200 50 < bin 2 0.16 0.64 0.16 0.04
$ $
bin 3 150 300 500 300 bin 3 0.12 0.24 0.40 0.24
bin 4 100 250 250 650 bin 4 0.08 0.20 0.20 0.52
Matrix of counted Monte Carlo simulation observation Transition probability matrix
Year t+1 transitions between year t and year t+1
_ _

Fig. 5. An example of the transition process.

years of the planning horizon and for each OD pair Z under con-
sideration, resulting in Z- (Y — 1) transition probability matrices.

For the construction of OD demand matrix based transition
probability matrices the same underlying principles of counting
observations and transforming these to probabilities can be used.
However, the counting process is iterated for all Z OD pairs and
therefore each row contains Z - % observations. Consequently, rows
are normalized by multiplying each element with;

1

7z

It is noted that this aggregation is made possible by the de-
cision presented in Section 2.2 to set the number of unique OD
demand matrices per year equal to the number of sample values
(M =S). As result of that decision, each OD demand matrix con-
tains demand sample values of different OD pairs that are based
on the same bin number.

(13)

2.4.3. Path generation

Due to the memoryless property of the DTMC, a scenario can be
generated throughout the planning horizon of Y years by utilizing
the Y — 1 OD demand matrix based transition probability matrices.
The process of one scenario generation resembles a roulette pro-
cess which is executed Y — 1 times in sequence using the known
probabilities from the Y — 1 transition probabilities and acknowl-
edging that the first roulette is defined by a 1/S probability for
each state (i.e. bin number).

A scenario is essentially a sequence of Y bin numbers; i.e. one
bin number for each year in the planning horizon. The sequence of
OD demand matrices can in turn be related to a sequence of an-
nual operating profit values using the value matrix. Ultimately, the
generation of B scenarios results in B sequences of annual operat-
ing profits each of length Y.

2.4.4. A distribution of NPVs

One scenario corresponds to a sequence of Y annual operating
profit values. These Y values can be reduced to a single monetary
value; the so called net present value (NPV) in the following fash-
ion;

NPV — Z annual profit,

a+nt (14)

where r is the discount rate and t is the year, with t = 1, ..., Y.
When B scenarios are generated the resulting B NPVs can be used
to construct a distribution of NPVs. Moreover, this procedure is ex-
ecuted for each fleet F in the portfolio so that ultimately F distri-
butions of NPVs are outputted that can be used to compare the
profit generating capabilities of the different fleets in the portfolio

Table 1
Case study specific variable values.

Notation ~ Definition Case study value
F # Fleets in portfolio 8

Y # Years in planning horizon 9

D # Monte Carlo simulations 5000
S # Sample values 10
M # OD demand matrices per year 10

N # Airports under consideration 10

z # OD pairs under consideration 100
H # Hubs under consideration 1

K # Aircraft types under consideration 3

B # Scenarios generated 5000

based on the underlying evolution of stochastic demand across the
planning horizon. It is noted that each fleet is subject to the same
set of scenarios which is required to ensure fair comparison.

3. Case study
3.1. Context

A small real-world based case study serves as proof of concept
of the proposed methodology. The purpose of this case study is to
illustrate the applicability of the proposed methodology, evaluating
the type of results that can be generated. It does not represent any
specific airline operating in the market. Table 1 presents the size
of the sets considered for the case study.

The forecasting period consists of 9 years (Y = 9) with 2014 as
the last historical year and the following forecasting years: 2015,
2016, ..., 2023. This time span roughly coincides with one business
cycle [1].

Based on Eqs. (10) and (11), and noting that the number of air-
craft range constraints is 38, it can be derived that the number of
decision variables and constraints are 450 and 251, respectively.

3.2. Model parameter data

The data used in this case-study is explained in the next sub-
sections. The data can be downloaded from https://doi.org/10.4121/
uuid:90abf0a2-369e-4a52-9a2c-518ab9f66478.

3.2.1. Demand data

The historical passenger data is extracted from the TranStats
database of the Bureau of Transportation Statistics (BTS), which is
part of the United States Department of Transportation (US DOT).
The underlying dataset that was used is the T-100 Domestic Mar-
ket (U.S. Carriers) data table that contains monthly scheduled US
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Table 2

Aircraft characteristics per aircraft type: number of seats (s¥), cruise speed (vck), range (range¥), daily utilization (U¥),

turnaround time (TAT*), ownership cost (leix)- variable cost (CK,.) and purchase price (IC).
Attributes sk ek range* Uk TAT* Chie ck, pP*
Units # miles/hour miles hours hours usD usD usD
A 75 514 1401 1 0.75 1.23E+ 06 0.11 2.45E +07
B 162 543 3582 12 1.00 3.95E + 06 0.09 7.90E + 07
C 295 555 8510 14 1.50 1.10E 407 0.08 2.19E+08
domestic passenger data based on a 10 percent ticket sale informa- Table 3
tion dataset, aggregated for all airlines for the period 1990-2014. Portfolio of fleets.
A group of 10 different airports (N = 10) was selected for this Aircraft types
case study. They include the 10 most high-density OD connections Fleet A B C Total
in the US domestic economic passenger market, according to 2014
air travel data. The OD demand matrix has then the size 10 x 10. A }E:ee: ; g g }g
20% market share is assumed for each OD pair when reducing total Flz:t 3 10 5 2 14
market demand to airline specific demand. Fleet 4 2 10 2 14
Fleet 5 2 10 14
3.2.2. Yield data Fleet 6 15 0 0 15
Yield is defined as revenue per revenue-passenger-mile in 2014 Fleet 7 0 15 0 >
Fleet 8 0 0 15 15

US Dollar cents. The yields are based on average fare data in 2014.
This data stems from the BTS US DOT database and the underlying
dataset that was used is Table 1a Domestic Airline Airfare Report
(2011 - 2014) which contains average fare data per OD pair per
quarter for the period 2011-2014 for a large set of OD pairs in the
US. Yield data is calculated by dividing the fares by their origin-
destination distance. It is noted that the average fares that form
the basis for this dataset are not only averaged for the year 2014,
but also reflect average fares as listed by all airlines in the market-
place, irrespective of the offered service (i.e. nonstop or connect-
ing). For simplification, the ratio between yields for nonstop and
connecting passengers is set at 1.0 in the case study. This results
in the nonstop flow being more profitable because it generates the
same level of revenue at a lower cost. In practice, these yield ratios
are airline specific and highly depend on how an airline prioritizes
nonstop or connecting flow per OD pair in their revenue manage-
ment models, based on the competitive environment.

3.2.3. Aircraft characteristics

Three different aircraft types are considered - a regional jet (A),
a narrow body (B) and a wide body (C) aircraft (Table 2). The air-
craft types are differentiated by their characteristics, which are the
number of seats, cruise speed, range, daily utilization, turnaround
time, variable cost, ownership cost and purchases price. The num-
ber of seats s¥, cruise speed vc¥, range range* and purchase price
(i.e. list price) are based on information provided on the internet
[27]. Weekly utilization U¥, turnaround times TAT* and operating
cost Ck . are based on previous studies done by the authors (e.g.,
[18]) and on the assumption that larger aircraft tend to have a
higher daily utilization, higher turnaround time and lower unit op-
erating cost [8]. The yearly ownership cost C"ix are based on the
aircraft purchase price and assuming a 20-year linear depreciation
period and residual value of 15% at the end of the depreciation pe-
riod, which is based on an example depreciation scheme provided
by Doganis [28]. This way, the purchase prices are not considered
in the NPV calculations. They are replaced by the yearly ownership
costs. For the sake of simplicity and following Repko and Santos
[18], we assumed that the ownership costs reflect either the lease
costs or the depreciation costs per period.

3.2.4. Fleet portfolio

The portfolio of fleets considered is presented in Table 3. Each
of the 8 fleets in the portfolio (F = 8) is characterized by the num-
ber of aircraft per aircraft type. The fleets were created so they
could represent different fleet configurations of similar fleet sizes.

It was estimated that a fleet of 15 aircraft would be enough to
transport most of the demand considered. Therefore, fleets of 12
to 15 aircraft were considered. Fleets 1-2 have compositions with
the same amount of aircraft of each type, but Fleet 1 represents an
option with less aircraft. Fleets 3-5 have a predominance of one
aircraft type in the fleet. Fleets 6-8 represent options with just a
single aircraft type in the fleet.

3.2.5. Airport characteristics

The taxi-in and taxi-out times stem from the BTS US DOT
database. The underlying dataset that was used is the Airline On-
Time Statistics - Origin and Destination Airport dataset that pro-
vides 2014 data on taxi-in and taxi-out times in minutes per OD
pair averaged for all airlines.

3.2.6. Inflation, discount rate and tax rate

Inflation is considered across the planning horizon on the cost
side (i.e., operating and ownership cost) and on the revenue side
(i.e., nonstop and connecting yields). In the case study the inflation
is assumed to be 1.5% per year for all the 9 years in the planning
horizon. This number is calculated as the average inflation in the
US between 2010 and 2014 which is based on data from the US
Bureau of Labor Statistics (US BLS).

For the NPV calculation, the discount rate r is set at 7.4% which
is the average historical WACC for US airlines (both legacy carriers
and low cost carriers) between 2004 and 2011 [1]. The effective
corporate tax rate in the US depends on a federal and state com-
ponent and is assumed to be 39%. Using the tax rate, a simplified
version of the return on invested capital (ROIC) is calculated as:

ROIC Annual operating profit — tax

Investment
_Annual operating profit - (1 — tax rate) (15)
B Investment '
3.3. Results

The three models together produce a vast amount of results, the
majority of which are used as intermediate results that are part of
the methodology. The most important final results in terms of the
overarching methodology are:

- The distribution of net present values of profit across the plan-
ning horizon across the range of stochastic demand, for each
fleet in the portfolio
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Distribution of NPVs of annual operating profit based on 5000 scenarios across the 2015-2023 planning horizon for each of the 8 fleets in the portfolio
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Total aircraft investment: $1,290,000,000
Aircraft type A: 4
Aircraft type B: 4
Aircraft type C: 4
Average annual ROIC based on average NPV: 3.14 %

Fleet: 2

Total aircraft investment: $1,612,500,000

Aircraft type A: 5

Aircraft type B: 5

Aircraft type C: 5

Average annual ROIC based on average NPV: 2.29 %

Fleet: 3

Total aircraft investment: $841,000,000
Aircraft type A: 10

Aircraft type B: 2

Aircraft type C: 2

Average annual ROIC based on average NPV: 4.82 %

Fleet: 4

Total aircraft investment: $1,277,000,000
Aircraft type A: 2

Aircraft type B: 10

Aircraft type C: 2

Average annual ROIC based on average NPV: 3.08 %

Fleet: 5

Total aircraft investment: $2,397,000,000
Aircraft type A: 2

Aircraft type B: 2

Aircraft type C: 10

Average annual ROIC based on average NPV: 1.10 %

Fleet: 6

Total aircraft investment: $367,500,000
Aircraft type A: 15

Aircraft type B: 0

Aircraft type C: 0

Average annual ROIC based on average NPV: 8.94 %

Fleet: 7

Total aircraft investment: $1,185,000,000

Aircraft type A: O

Aircraft type B: 15

Aircraft type C: 0

Average annual ROIC based on average NPV: 3.17 %

Fleet: 8

Total aircraft investment: is‘zas 000,000

ircraft type A: 0

Aircraft type B: 0

Adrcraft type C: 15

Average annual ROIC based on average NPV: 0.29 %

1.5e+09 2.0e+09 2.5e+09 3.0e+09 3.5e+09

NPV of accumulated annual operating profit across the 9 year planning horizon in 2014 US Dollars

Fig. 6. A distribution of net present values based on annual operating profits across the planning horizon across numerous realizations of stochastic demand, for each fleet

in the portfolio.

- Table with all financial and operational performance metrics
per fleet (F), per year (Y), per OD demand matrix within the
year (M)

3.3.1. Distribution of net present profit values for each fleet in the
portfolio

Fig. 6 presents for each fleet in the portfolio the distribution
of net present profit (NPVs) values based on the 5.000 scenarios
across the planning horizon. Four key attributes can be evaluated
in order to compare the different fleets from the portfolio.

- The mean of the distribution

o This gives insight in the absolute operating profit generation
capability of the fleet across the planning horizon across the
range of stochastic demand.

- The spread of the distribution:

o This provides insight in the robustness of the profit generat-
ing capability of a fleet to the range of stochastic of demand
it is subject to across the planning horizon. A wide distribu-
tion indicates a lot of uncertainty, while a narrow distribu-
tion indicates little uncertainty.

- The location of the distribution with respect to the level of in-
vestment required

o This observation relates the profit generating capability of
a fleet to the magnitude of the investment cost that is re-
quired to purchase the fleet. Whereas operating profit is an
indicator of how efficient the assets (i.e. the fleet) are de-
ployed, the difference between profitability and investment
can be used as an indicator of how efficient the investment
is generating a return.

- The level of investment required

e In the case of limited capital to invest in a fleet, the amount
of investment required (i.e., the location of the 'investment
cost in2014/ line) could make some of the fleets unfeasible.

The third observation reveals a key insight in the difference be-
tween the profit generating capability of a fleet and its capability
to generate returns on invested capital: there can be fleets with
high operating margins and low returns. A fleet could be very prof-
itable in operation in absolute terms (i.e. a distribution with a high
mean) but at the same time can be a poor investment because of
the disproportionate level of investment that is required to get to
that level of absolute operating profits.

3.3.2. Financial and operational performance metrics

Each iteration returns the same type of financial and opera-
tional performance metrics as presented in Table 4, which are
stored in one large data table with 720 cells. This allows for an
explicit comparison of both financial and operational performance
metrics between different fleets across different realizations of
stochastic demand across the 9 years in the planning horizon.

3.3.3. How should a fleet planner interpret the results?

The information that stems from the two datasets can be used
to explicitly compare fleets. First, the distribution of NPVs can be
used by fleet planners to get a high level insight in the magnitude
and uncertainty of the operating profits across a 9-year planning
horizon and how these operating profits relate to the required fleet
investment. Second, the vast amount of both financial and opera-
tional data can be used to unravel the underlying factors that drive
the distribution of profitability; what are the aircraft utilizations of
the different aircraft types in the fleet? What is the average net-
work load factor? How many passengers are spilled? What is the
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Table 4

Example of the financial and operational performance metrics for portfolio Fleet 6.

Financial performance metrics

Operational performance metrics

Metric Value

Weekly revenue $3,597,750
Weekly operating cost $1,986,880
Weekly ownership cost $300,360
Weekly operating profit $1,310,509
Annual operating profit $68,146,505
Operating profit margin 36.43%
Annual after-tax profit $41,569,368
Total investment cost $367,500,000
Annual return on invested capital 11.31%
Spilled revenue 80.49%

Metric Value
Weekly OD pax transported 42,900
Weekly seats offered 45,700
Weekly seats-miles offered 48,477,034
Percentage nonstop flow 96%
Percentage OD demand satisfied 21.4%
Average network load factor 98%
Number of OD pairs served 7
Utilization per aircraft type:

Type A 100%

Table 5

An overview of computation times per model.

Model Total computation time (s)

Number of runs

Time per run (s)

Model 1 5400
Model 2 520
Model 3 1100

Y-Z=9-100 =900 6
F'Y M=8.-9-10=720 0.72
B-F =5.000-8 =40.000

0.0275

spilled revenue? How many OD pairs are served? What percent-
age of the passengers is transported nonstop? What are the weekly
operating cost and ownership cost? What is the routing network?
This vast amount of detailed information can be used for subse-
quent detailed analysis.

A fleet planner from industry is likely to select the fleet with
a distribution with a high mean, low uncertainty (i.e. high robust-
ness) and a beneficial relation between NPVs and required invest-
ment in terms of ROIC, which in this illustrative case study corre-
sponds to Fleet 6 in Fig. 6.

3.3.4. Results analysis

From the results it can be concluded that fleets with the same
amount of aircraft of the same type (Fleets 1-2) do not produce
very promising results. Both cases have a similar NPV distribution
and an investment cost that is higher than the maximum expected
NPV. The best results are obtained for the fleets with more type A
aircraft (Fleets 3 and 6). These are the least cost options and pro-
vide narrow NPV distributions. Fleet 6 is the only fleet in the port-
folio that has a high probability of having a NPV higher than the
investment costs. However, this is also the fleet with lower maxi-
mum expected NPV. For a more risk prone decision maker, Fleets
3, 4 and 7 could be a good option. For these fleets, the considera-
tion of aircraft lease options could result in a good alternative. If all
or some of the aircraft in the fleet would be lease, the investment
costs could be spread over time, resulting in investment costs in
2014 lower than the ones presented in Fig. 6.

The fleets with a predominance of wide body aircraft (Fleets 5
and 8) prove to be unsuitable to the network considered. They are
associated with high investment costs and their NPV distributions
are the most to the left. The latter is a result of, on one hand, the
lower utilization of the aircraft due to higher turn-around times,
and on the other hand, lower load factors combined with higher
costs per flight.

3.4. Computation times

The computation times of the presented small case study for
each of the three models is presented in Table 5. The three mod-
els are run sequentially. Thus, the total computation time is simply
calculated as the sum of the computation times of the three mod-
els:

CTTOTAL = CTmodel 1+ CTmodel 2+ CTmodel 3

=Y -Z.-6+F-Y-M-0.72+B-F-0.0275 s
=9.100-6+8-9-10-0.72 + 5000-8-0.0275 s
= 117 min. (16)

The computational times for each model and for the complete
model framework, show how demanding is the stochastic multi-
period fleet planning problem. For a larger real world case study,
the computation would amount to several hours of computation.
However, it is considered valuable to harvests insight into how
the computation time scales with increasing problem size. Armed
with that insight, fleet planning decision makers can make explicit
trade-offs with regards to the level of detail they wish to consider
(i.e. number of fleets in the portfolio, aircraft types, OD pairs un-
der consideration, Monte-Carlo simulations) and the corresponding
computation times to get to a solution.

4. Summary and conclusions

This paper proposes a three-step methodology that harvests in-
sight into the operating profit generating capability of different
fleets portfolios, in terms of size and composition, over a multi-
year planning horizon under stochastic demand. The long-term
stochastic nature of demand growth rates is modeled as a mean
reverting Ornstein-Uhlenbeck process and explored using a Monte
Carlo simulation, per origin-destination pair. Demand scenarios are
generated by using discrete-time Markov chain transition probabil-
ity matrices that are based on the transition behavior of the evo-
lution of stochastic demand realizations.

An illustrative small case study is used in this paper to demon-
strate the type of results obtained with the proposed methodology.
The proposed airline fleet planning modeling framework has the
potential to identify robust fleet plans through the detailed con-
sideration of stochastic demand per origin-destination pair across
a long term planning horizon, and being able to compare both
financial and operational performance metrics of different fleets
across a multi-year planning horizon across numerous realizations
of stochastic demand. The methodology is generic and can be ap-
plied to any airline, irrespective of the business model, size, rout-
ing network and preference with regards to aircraft types or risk
profile.

Besides the contribution of this work, with a innovative ap-
proach to solve the fleet planning problem, this paper opens the
opportunity for further research. For instance, one of the limita-
tions of this work is that no competition elements are considered.
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Instead, a 20% market share is assumed for each OD pair when
reducing total market demand to airline specific demand. The im-
plication of the absence of a market share model on the results
of this research is that the distribution of NPVs is likely to shift
to the right for fleets with more aircraft, considering they can of-
fer a higher flight frequency and thus capture a larger share of the
market and vice versa for smaller fleets.

Another research opportunity is the consideration of portfolios
of variable fleet size and composition over time. The consideration
of aircraft replacement would be an interesting development in fu-
ture studies. However, this development would, on one hand, re-
quire the analysis of more fleet portfolios and, on the other hand,
make it more challenging the comparison of different portfolios
across the planning horizon.

Supplementary material

Supplementary material associated with this article can be
found, in the online version, at doi:10.1016/j.0mega.2019.08.008.
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